A metric of credit score performance is developed to study the usage and performance of credit scoring in the loan origination process. We examine the performance of origination FICO scores as measures of ex ante borrower creditworthiness using loan-level data on ex post performance of subprime mortgages. Parametric and nonparametric estimates of credit score performance reveal different trends, especially on originations with low credit scores. The data suggest a trend of increased emphasis on higher credit scores accompanying a trend of increased riskiness in other origination attributes. Over time, this increased emphasis on credit scoring coincided with deterioration in FICO performance largely due to the fact that higher credit score originations of later cohorts were more likely to have riskier attributes. However, controlling for other attributes on originations and changes in economic conditions, we find that, as measures of borrower ranking, FICO performance on subprime loans over the years remains fairly stable.
Introduction
Over the last couple of decades, technological advances and private arrangements of information sharing have increased the use of credit scoring in almost all forms of loan origination (Altman and Saunders, 1998; Berger et al. 2005) . However, the use of credit scoring is not without its limitations (Mester, 1997; Avery et al. 2000) . Still, "a good model should be able to accurately predict the average performance of loans made to groups of individuals who share similar values of the factors identified as being relevant to credit quality" (Mester 1997, p.11) . Despite the limitations of credit scoring, most approval processes continue to use credit scores as a measure of borrower creditworthiness at the time of loan origination (Avery et al. 2003; Brown et al. 2009 ). The continued importance of credit scoring in loan approvals merits careful study of the use and performance of such metrics.
We undertake an investigation at understanding the usage and performance of credit scoring in the U.S. subprime mortgage market. Using loan-level data available on subprime mortgages, we identify how credit scores were used in conjunction with other observable characteristics at the time of origination. We study how well credit scores measure ex ante credit risk using data on ex post performance of the origination. To this end, we introduce simple measures of credit score performance that help determine the impact of credit scoring and its usage in terms of observed loan performance.
The industry standard for measuring consumer credit risk in the U.S. is the FICO score. There are important reasons to focus on FICO performance in the subprime mortgage market.
While FICO scores have been an integral part of the prime mortgage approval process, they played an essential role in extending credit beyond the prime segment to some the riskiest consumer loans in recent times, namely, U.S. subprime mortgages (Fishelson-Holstine, 2005) . 2 Subsequently, high default rates of subprime mortgages have raised important questions about the efficacy and usage of credit scoring in loan origination (Demyanyk, 2008) . 3 At the same time, examining FICO performance for the subprime segment allows us to study credit scoring performance at the lower-end of the credit score range. Stated differently, it helps determine whether FICO scores can be a stable metric for credit risk in lending to credit-impaired borrowers. In this sense, it would also help increase our understanding of the challenges faced in lending to credit-impaired borrowers. 4 Our results reveal that, for the most part, the performance of credit scoring as a measure of (relative) credit risk remains fairly stable. The results provide little evidence of deterioration in the performance of FICO scores as rankings of borrower ex ante credit risk. However, they also suggest a pattern in which credit scoring was likely used to offset other riskier attributes on the origination-leading to an unconditionally higher rate of default, especially on originations with low credit scores.
Before discussing credit score performance, some features of the data are worth emphasizing. First, we find little evidence of credit score inflation in the U.S. over this period:
there is hardly any difference between the credit score distribution of the credit eligible U.S.
2 FICO scores were first recommended for use in mortgage lending by Fannie Mae and Freddie Mac back in 1995.
In the subsequent years, they became a significant factor in the development of the U.S. subprime mortgage market (Fishelson-Holstine, 2005) .
3 Foust and Pressman (2008) document the industry view on how the FICO scores were "being blamed for failing to flag risky home-loan borrowers." From a policy research perspective, Demyanyk (2008) uses the performance of subprime mortgages to express doubts about the effectiveness of FICO scores. 4 To be sure, we do not address the question whether lending to credit-impaired borrowers is a desirable objective from the standpoint of social welfare (see Bolton and Rosenthal, 2005 for a discussion). Our objective is somewhat modest: If financial inclusion were to be the desired policy objective, we examine whether FICO scores could be reliably used a metric of credit risk in lending to credit-impaired borrowers.
population for the period [2000] [2001] [2002] and that for the period 2004-2006. 5 In contrast, we observe a clear improvement in the distribution of credit scores on subprime originations between the 2000-2002 cohorts and 2004-2006 cohorts. 6 Second, as has been well documented, there was an increase in the proportion of subprime originations with riskier attributes over this period (Mayer et al. 2009 ). Interestingly, we find that an origination with a riskier attribute (such as lower documentation and higher LTV) was more likely to have a higher FICO score in the [2004] [2005] [2006] cohorts than a similar origination in 2000-2002 cohorts. Stated differently, we find that, among the various attributes on the origination, the apparent tradeoff between the credit score and other attributes (e.g., LTV) grew larger over time. Finally, we show that there was an overall increase in FICO scores from the earlier cohorts to the later cohorts even after adjusting for other origination attributes. This result indicates that the increase in credit scores across cohorts might be interpreted both in terms of adjustment for the increased riskiness in other origination attributes and the increased strength of adjustment to such riskier attributes. In sum, this pattern is suggestive of an increased emphasis on credit scoring to offset other attributes on the origination. 7 We develop a simple measure of FICO score performance in terms of ex post loan performance. It is important to mention here that both academics and practitioners alike view FICO scores in terms of rankings of borrowers rather than absolute metrics that provide time-invariant estimates of the probability of default. 8 Continuing in this vein, we propose measures of FICO scores performance that determine whether such credit score "rankings" are maintained in terms of observed loan performance. Any metric of FICO score performance should ideally account for factors that confound the effect of credit scores on loan performance. This becomes especially relevant in comparing loans that perform under different macroeconomic conditions.
In short, while determining the effect of FICO scores on loan performance, we should ideally control for other risk attributes on the origination as well as the environment in which these loans perform.
9
Our measure of FICO score performance is the difference between the survival probabilities of originations in a higher FICO score group and the survival probabilities for originations in the next lower FICO score group in the same cohort. 10 Since the FICO score groups are of the same cohort, they are each subject to the same underwriting trends and macro shocks (events), allowing us to net out the effects of the macroeconomic environment in our measure of FICO score performance.
Moreover, we derive nonparametric as well as parametric measures of this difference in probabilities. The nonparametric measure uses the unconditional survival probabilities. On the other hand, the parametric measure is derived by using estimates from a competing-risk hazard regression that allows us to control for other origination characteristics and local economic conditions such as unemployment and home prices (negative equity). In this manner, our 8 See Section 2 for a discussion of FICO scores as rankings of borrowers. For reasons as to why absolute measures of credit scores performance are misleading, please refer to the discussion in Appendix C. 9 Ceteris paribus, a loan in the 2002-2004 cohort is likely to have a lower default rate than an origination with a similar credit score in [2004] [2005] [2006] , simply because the latter performed in an environment of rapidly increasing home prices. Rapidly increasing home prices allow the borrower to avoid default by selling the property or refinancing the loan-an option that is no longer available under stagnant or declining prices. 10 While our choice of credit score intervals as groups is ad hoc, the use of credit score groups is motivated by institutional factors (see Sections 2 and 3 for details). Our results are robust to variations in the choice of credit score groups.
approach attempts to mitigate the effect of factors that might confound measures determining the performance of credit scoring in terms of observed loan performance.
We find that nonparametric and parametric estimates reveal different patterns in FICO score performance depending on the level of origination FICO scores. At low FICO scores, nonparametric estimates typically show deterioration in performance for later cohorts. In contrast, this pattern of deterioration is reversed when we control for other attributes on the origination-FICO score performance shows no deterioration in terms of our parametric measure. Further, for high FICO scores, neither the nonparametric nor the parametric measures find deterioration in FICO score performance.
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The results can be explained in terms of the patterns of FICO score usage described above. Significantly, the usage patterns also vary with the FICO score level. For low credit-score levels, the higher of two adjacent FICO score groups is more likely to have riskier attributes on the origination in later cohorts than in earlier cohorts. Consequently, this lowers the unconditional performance of FICO improvement for the later cohorts as obtained from our nonparametric measure. For the same reason, this decline is reversed if we control for other origination attributes: our metric shows improvement in FICO score performance for later cohorts in terms of our parametric measure. The pattern of FICO score usage is different at higher levels of origination FICO score. Adjustment of riskier attributes with higher FICO scores is not significantly large for earlier cohorts and remains roughly unchanged over the cohorts.
Accordingly, FICO score performance at high FICO score levels shows improvement over the cohorts in terms of both parametric and nonparametric measures. This study adds to the literature on information sharing, credit scoring, and loan default.
Several studies point to the fact that information sharing, credit scoring increases lending volumes, especially to borrowers of low credit quality (Berger et al. 2005) . As a result aggregate default rates may increase because of an increase in the proportion of lower-grade borrowers in the credit-eligible pool (Brown et al. 2009 ). To the best of our knowledge, we do not know of any study examining the performance of credit scoring for such low-grade borrowers. This study allows us to examine how credit scoring is used and how it performs within this lower-grade of credit impaired borrowers.
Our results find broad support in the literature on credit scoring for credit-impaired (subprime) borrowers. For example, emphasis on credit scoring has been shown to increase default rates by reducing the incentives for screening (Keys et al. 2010) . This leads to a reduction in borrower quality across the spectrum (generated due to a low screening intensity) which is more severe for borrowers on whom such screening was more valuable, namely low FICO score 12 We attribute this non-linearity to the interaction effect of non-increasing home prices with FICO scores on default. See Table 11 Bhardwaj and Sengupta (2012) for estimates of this interaction effect (Appendix C).
borrowers. While their study points to the lack of screening intensity, we demonstrate greater risk-taking in terms of other observable characteristics. In essence, both studies point to different outcomes that result from an emphasis on FICO scores in loan origination. Therefore, while we believe that the (lack of) screening intensity had a very important role, it is not the entire story (see Appendix C). In this sense, our study may be viewed as a complementary explanation of the data that has received scant attention in the literature. For low-FICO score borrowers, the increased risk in other origination attributes was accompanied by increasing credit scores over time. As a result, unconditional metrics show a fall in credit score performance because of other attributes on the origination. These results suggest that increased emphasis on credit scoring to offset other riskier attributes can have harmful consequences on market outcomes, especially for low-FICO score borrowers.
We begin by providing a brief primer on FICO scoring in Section 2. Section 3 discusses the patterns of credit scoring use over the various cohorts of subprime originations. The parametric and nonparametric measures of FICO performance are explained in Section 4, and the results are provided in Section 5. Section 6 concludes.
A Short Primer on FICO scores
FICO scores are the best known and most widely used consumer credit scores in the United States. They are published by Fair Isaac Corporation, which maintains that FICO is a statistical summary measure of credit risk based on information from a consumer's credit files.
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The measure ranges between 300 and 850 with higher scores going to the more creditworthy borrowers. It is important to mention here that the statistical models used to determine FICO In what follows, we describe the summary data patterns for origination FICO on subprime mortgages and how they compare over time with (i) FICO scores in the general population and (ii) other origination attributes on subprime mortgages. Much of these data patterns are fairly well-documented in the literature on subprime mortgages. Therefore, in the interest of brevity, we point out only the sailent features of these patterns here. A full description of these patterns is presented in a web appendix (see Web Appendix B).
Subprime and Population FICO scores
Origination FICO of subprime mortgages improved significantly over time. The probability that a subprime borrower has a lower credit score is significantly higher on This would suggest that, while there is an improvement over the cohorts in the origination FICO for subprime mortgages, such an improvement cannot be attributed to trends in the overall population.
Subprime FICO scores and Other Origination Attributes.
As has been well documented in this literature, there was an increase in the proportion of subprime originations with higher LTV and originations lacking full documentation over the cohorts (see, for example, Mayer et al. 2009 ). Bhardwaj and Sengupta (2014) These results indicate that the increase in credit scores over the cohorts can be explained both in terms of adjustment for the increased riskiness in other attributes on the originations and the increased strength of adjustment to such riskier attributes. To conclude, the trend of increasing credit scores accompanying the increase in credit risk exposure in terms of certain origination attributes (such as lack of full documentation and high LTV) suggest an attempt to offset this higher credit risk by increasing the average quality of borrowers (as measured by their credit scores) to whom such loans were made.
Understanding the Trends in Subprime Origination FICO
Importantly, the trends described above pertain to changes in hard information on the origination. This is different from much of the literature that has emphasized the collection of soft information, or lack thereof, on subprime originations. Needless to say, further research is needed to investigate how such trends (in both hard and soft information) were determined by the incentives of agents involved in the origination process.
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The evidence of an overall increase in credit scores prompted assertions that unsuspecting prime borrowers may have been misled by originators into subprime products (Brooks and 23 The incentives of agents including, but not limited to, the mortgagor, originator, arranger, servicer, investor, warehouse lender, and the credit rating agency played an important role in the origination process (Ashcraft and Schuermann, 2008) . Unfortunately, our data put limitations on investigating the role of agents' incentives on trends in subprime originations. Therefore, as with much of this literature that examines these data, our treatment of the origination process is akin to that of a neoclassical production function of mortgages. Stated differently, the analysis abstracts from the incentives of the various agents involved in the origination (production) process and examines the characteristics and performance of subprime mortgages as (final) products of the origination (production) process. Simon, 2007) . However, consistent with the evidence presented above, Foote et al. (2008) argue that originations to borrowers with such high credit scores were marked as subprime because of other attributes on the origination. In order for borrowers with such high credit scores to originate prime mortgages, the risk on other attributes such as documentation and LTV of the origination would have to be lower as well. In summary, originations of later cohorts include a significantly large proportion of borrowers with higher credit scores. However, as noted previously, these high credit scores were accompanied by other riskier attributes on the origination and therefore not classified as prime.
As mentioned earlier, we are not the first to observe this trend over the subprime cohorts 
Measuring FICO performance
In this section, we develop our measure of origination credit score performance. We consider two features of the measurement problem. First, drawing from earlier assertions of FICO scores as a ranking of borrowers, we evaluate the performance of a given FICO score relative to that of a lower or higher FICO score. In this sense our measure determines whether the rank ordering in FICO score is reflected in terms of loan performance. Second, we take into account the "lumpiness" of FICO scores as discussed above. Therefore, we evaluate the performance of FICO score groups as opposed to the performance of individual FICO scores.
Given that FICO scores from different credit bureaus are likely to lie in the neighborhood of the observed FICO score in our data, it makes sense to evaluate performance of FICO score groups rather than individual scores.
Our metric for credit score performance is the difference in survival probabilities for an origination with a higher FICO in comparison to one with a lower FICO in the same cohort.
First, we split our sample into originations belonging to different FICO score groups as discussed above. Next, we calculate the (unconditional) survival probabilities for originations within each FICO score group. Our nonparamertic measure of origination FICO performance is the difference in the survival probabilities of a given origination FICO score group to that of its immediately lower FICO score group of the same cohort. Since both (higher and lower) credit score groups are of the same cohort, they are each subject to the same underwriting trends and macro shocks (events), allowing us to net out the effects of these factors in our measure of credit score performance.
For the parametric estimates of our performance measure, we use estimates from a competing-risk proportional hazard model. 25 Prepayment and default on the mortgages are modeled as competing risks. The FICO score groups enter the regressions as explanatory (dummy) variables. The estimated hazard ratio for a given FICO score group are then used to derive a parametric measure of survival probabilities for that group. Our parametric measure of origination FICO performance is the difference in the estimated survival probabilities of a given origination FICO score group to that of its immediately lower FICO score group of the same cohort. A formal description of the methodology used to derive our parametric estimates is presented in Appendix A.
Results
Following standard conventions in this literature, we record the first serious delinquency (90-day delinquency) event as an indicator of default on the loan. Therefore, the survival probabilities discussed below are the probabilities of surviving a 90-day delinquency event two years from the month of origination. Alternative definitions of default yield qualitatively similar results. The use of two calendar years as the size of the interval is motivated by the fact that most originations were hybrid-ARM mortgages designed in theory to ensure a refinance in two years (Gorton, 2008) . 26 Indeed, the large increase in defaults on subprime originations during 2006-results on FICO performance hold for all three samples. However, these results are more prominent in the full sample and the Subprime-ARM subsample but less so in the Subprime-FRM subsample. It bears to keep in mind that, on an annual basis, FRMs are never more than one-third of all subprime originations and for the peak years (2004) (2005) (2006) less than a quarter of all subprime loans.
Non-parametric measure of FICO performance
Tables 2.1-2.3 report the difference (increase) in probability of surviving a 90-day delinquency event two calendar years after origination. The results for the full sample of subprime loans are reported in Table 2 .1, while that for subsamples of Subprime-ARM and Subprime-FRM are reported in Table 2.2 and Table 2 .3 respectively. As mentioned above, we split the sample into various FICO score groups for the purposes of this analysis. The results for two such groupings starting at a FICO of 540 are recorded here: the first at intervals of 40 points (Panel A) and the second at intervals of 20 points (Panel B) . 27 The rows in Table 2 .1-2.3 show the percentage-point increases in survival probabilities for originations in a higher FICO score group relative to those in its immediately lower FICO score group. Needless to say, this is not the only way to compare performance between two FICO score groups. An alternative way of implementing this measure would involve measuring the increase in survival probabilities for a given increase in credit score and then averaging across all credit scores in the FICO score group. This second method yields materially similar results that are available on request.
Three features of the non-parametric measure of differences in survival probabilities are noteworthy. First, the metric is typically smaller at later cohorts than earlier cohorts at low levels of FICO (top rows in both panels of Table 2 .1-2.3). Consequently, changes in this metric suggest a deterioration of credit score performance for the later cohorts at low levels of FICO score.
Second, at high levels of FICO scores (bottom rows in both panels of Table 2 .1-2.3), the metric is typically greater at later cohorts than earlier cohorts. Likewise, this suggests an improvement in FICO performance for later cohorts in terms of our nonparametric measure. Third, these changes are robust if one considers bigger FICO score groups, and therefore bigger transitions as shown in Panel A. In contrast, the metric is significantly noisier for smaller FICO groups as shown in Panel B. This feature of the data appears to lend support to the notion of a degree of lumpiness to FICO scores, as discussed above. As mentioned above, these results are more prominent in the full sample and the ARM subsample but less so in the FRM subsample. Having derived the nonparametric (unconditional) measures of credit score performance on loan default, we turn to parametric measures wherein we derive the measure of credit score performance after controlling for other origination characteristics.
Parametric Measure of FICO performance
To derive this measure, we estimate the competing risk proportional hazard model for prepayment and default. The estimated hazard ratios for the three sets of regressions (full sample, Subprime-ARM and Subprime-FRM ) are given in Tables 3.1-3.3 respectively. The regressions are estimated using dummy variables for individual FICO score groups. The FICO score groups selected for the regressions in Tables 3.1-3.3 are the same as those given in Panel A of Table 2 .1-2.3 respecitvely. 28 The estimated hazard ratios are provided in Importantly, after controlling for other attributes on the origination (as given by the regressions in Table 3 .1-3.3), the increases in survival probabilities do not show deterioration over the cohorts. Notably, this result holds true for both high and low FICO score levels. At low levels of FICO scores, the deterioration in performance as seen in the nonparametric estimates (top rows in Table 2 .1-2.3) above is now reversed (top rows in Table 4 .1-4.3). Controlling for other attributes on the origination, we find that the performance metric at low FICO levels for later cohorts is typically greater than those at earlier cohorts, thereby suggesting an improvement in FICO performance for later cohorts (top rows of both panels in Table 4 .1-4.3). Again this result holds at high levels of FICO, which means that results using nonparametric measures continue to hold in the parametric case. Importantly, these results hold for the full sample, Subprime-ARM and Subprime-FRM; however, the results are stronger in the full sample and the Subprime-ARM subsample but less so in the Subprime-FRM subsample.
Low FICO scores versus High FICO scores
Comparing the values of our metric obtained in Table 2 .1 with those obtained in Table   4 .1 reveals an interesting pattern for high and low FICO scores on the origination. In the nonparametric case, we documented deterioration in FICO performance for later cohorts at low FICO levels (top rows in both panels of Table 2 .1). However, after controlling for other attributes, parametric estimates in Table 4 .1 show that this pattern is reversed. Stated differently, the performance metric is typically lower for later cohorts in terms of our nonparametric measure but higher for later cohorts in terms of our parametric measure. In contrast, the FICO performance metric at high FICO score levels is higher for later cohorts than earlier cohorts under both measures. That is, we observe an improvement in FICO performance at high FICO levels (bottom rows in both panels of Tables 2.1 and 4.1) in terms of both nonparametric and parametric measures.
To explain these patterns in our results, we recall our summary results on origination Formally, we conduct Anderson's (1996) test for stochastic dominance described above for each of the six plots in Figure 1 . The results are not stated here but are available on request.
We are able to establish that in three of the six plots, the LTV distribution of the higher FICO score group stochastically dominates that in its immediately lower FICO group. In particular, the LTV distribution for the FICO group 540-579 stochastically dominates that for the less than 540 The difference between LTV on higher FICO score originations and that on the lower FICO score originations increased from earlier cohorts to later cohorts. Significantly, these differences are more discernable at low levels of FICO scores than at high FICO score levels.
The contrast in the LTV distribution between high and low FICO score originations can help explain the anomalous trends in our performance metric over the cohorts. At low FICO score levels, the higher of the two adjacent FICO score groups is more likely to have riskier attributes on later cohorts than earlier cohorts. First, this lowers the unconditional performance of FICO improvement for the later cohorts as shown by our nonparametric measure in Table 4 .
Once we control for these riskier attributes, the pattern is reversed-we observe an improvement in FICO performance for later cohorts. In contrast, there is a marginal difference in LTV between adjacent FICO score groups at high FICO score levels. Moreover, this difference does not show any discernible change for the later cohorts in our sample. Therefore at high FICO levels, our performance metric shows improvement for later cohorts in terms of our nonparametric measure; and, even after controlling for other origination attributes, FICO
performance at high score levels shows improvement for the later cohorts in terms of our parametric measure.
While our results do not establish deterioration in performance of credit scores, the methods by which these scores have been implemented remain questionable. As demonstrated above, higher credit score groups were more likely to include other riskier attributes on the origination than their immediately lower ones. This trade-off grew stronger for later cohorts especially among low levels of FICO. Naturally, for originations at low levels of FICO, we witness deterioration for later cohorts in terms of the unconditional metric of FICO performance.
However, controlling for such riskier attributes implies that FICO performance actually improved for later cohorts even for originations with low FICO scores. In contrast, the trade-off between riskier attributes and higher credit scores was less pronounced at high FICO score levels. Accordingly, our results show improvement in FICO performance in terms of our nonparametric as well as parametric measures.
Conclusion
Anecdotal evidence on credit scoring has pointed to possible manipulation that may increase the credit scores of borrowers without any real improvements in their creditworthiness (see, for example, Foust and Pressman, 2008) . In theory, score manipulation has minimum impact in terms of our metric if its occurrence were to be uniformly distributed. However, this is unlikely: A more probable scenario is one in which manipulation is more likely to occur at low levels of credit scores. Moreover, most anecdotal accounts argue that such manipulation increased over time. Therefore, if credit score manipulation affects default rates, it is most likely to be reflected in our results at low levels of FICO and for later cohorts.
More important, evidence of manipulation of credit scores should be reflected in anomalous behavior in terms of our parametric measure-a measure that controls for other characteristics on the origination. However, the evidence shows the opposite: parametric measures of FICO performance show improvement at all levels of FICO. This result is fairly robust and holds true for multiple variations of credit score groupings. In light of this, we conclude that the evidence from our data does not reflect any anomalous behavior that would suggest that such manipulation was widespread. That is not to say that such instances of manipulation did not occur, but simply that given our large sample size, score manipulation would have to be fairly widespread to affect our results.
We embarked on this study with a view to determine the efficacy and usage of credit scoring among some of the riskiest loans in recent history. To this end, this paper has introduced a simple yet effective measure for evaluating the performance of credit scoring. As mentioned earlier, the advantage of using such a measure is twofold. First, it lends itself to both nonparametric and parametric measurement. Second, it minimizes the impact of situational factors.
Using this measure, we find that credit score performance is robust to both high-and low-default environments. However, evidence suggests that some of the increase in credit scores over the cohorts can be explained as adjustment for the increased riskiness in other attributes on the originations. This was particularly true for low levels of credit scores-resulting in a sharp deterioration of credit score performance in terms of our nonparametric measure. Significantly, once we control for other (riskier) attributes in the origination, our parametric measure of credit score performance shows improvement over the cohorts. This would suggest an increased emphasis on credit scoring-not only as a measure of credit risk but to offset risk on other origination attributes. In part, this emphasis led to deterioration in loan performance even though average credit quality-as measured in terms of credit scores-actually improved over time.
APPENDIX A:
A Formal Description of the FICO Performance Measures

Nonparametric Estimates
Formally, the survival probability of a 90-day delinquency event beyond loan age is given by ( ) = ( > ), where denotes the duration in months from the month of origination. Let 1 < 2 < ⋯ < denote the observed age in months at the time of event in a sample size of originations, ≥ . Also, let be the number of surviving mortgages just prior to month . A surviving mortgage is defined as one that has neither defaulted nor been paid-off prior to age . If we define as the number of mortgages that default at age , then the KaplanMeier estimator of the survivor function is
where, � = is the nonparametric hazard estimate.
For ease of exposition, we split our sample into originations belonging to mutually exclusive and exhaustive FICO score groups, ℱ 1 , ℱ 2 , … , ℱ . To do this we define FICO group dummies, 1 , 2 , … , such that = 1 if FICO score the origination lies in the interval ℱ , = 1, … , and zero otherwise.
Our measure of origination credit score performance � , −1 is the difference in the survival probabilities of a given origination FICO score group to that of its immediately lower 
Parametric Estimates
We use the competing risk framework with proportional hazards to study the determinants of default and prepayment (Pennington-Cross and Ho, 2010). Default and prepayment are modeled as competing risks. 31 To formalize our argument, we split borrower repayment behavior into three possible outcomes: (i) the borrower defaults on the loan, (ii) the borrower prepays, and (iii) the loan is current or even 30-day or 60-day delinquent. We denote the exit routes by event , where the two exit events are given by subscript = 1, 2. Let be the age (in months) at which borrower chooses event .
The loan performance of borrower is observed for min( ) and the hazard function, ℎ ( ), specifying the instantaneous probability of occurrence of event (= 1, 2) for mortgage , is given as 31 A mortgage is considered to be in default if it records a 90-day delinquency event (Cowan and Cowan, 2004) . As mentioned earlier, prepayments include mortgages that are paid off either because the property is sold off and loan repaid or because the existing mortgage is refinanced.
Following Cox (1972), the semi-parametric representation that we estimate takes the form
where ℎ 0 ( ) is the cumulative baseline hazard rate for event (= 1, 2) and ( ) is the vector of covariates on mortgage which includes both origination characteristics (such as FICO, CLTV, loan documentation, etc.) and time varying economic variables (such as house price volatility, PVAR, and negative equity) as described above.
Under the assumption of independence of the two outcomes (Pennington-Cross and Ho, 2010), the likelihood function for the competing risk hazard model is
where � � is the risk set for event at age .
The estimated hazard ratio ( ) for marginal change in risk characteristic is � ( , + ∆ ) = exp (∆ � ), whereas the estimated hazard ratio for a given FICO score group, say ℱ , is given by
where ̂= 1 is the coefficient of the regression for the FICO score group ℱ (or the FICO score dummy, = 1).
For FICO score group , the instantaneous probability of delinquency at age is ℎ � ( , = 1) = ℎ � ( , 1 = 1) × � ( , = 1) where ℎ � ( , = 1) is a parametric estimate of the hazard rate at age for the FICO group ℱ . We replace ℎ � ( , 1 = 1) with its nonparametric equivalent, � ( , 1 = 1), given as � ( , 1 = 1) = ( , 1 =1)
, where ( , 1 = 1) is the number of delinquencies at age with FICO scores in the interval ℱ 1 and ( , 1 = 1) is the number of number of surviving mortgages (not in default or prepaid) at age with FICO scores in the interval ℱ 1 . Finally, we obtain an estimate of ℎ � ( , = 1). Accordingly, the parametric estimates of the survivor function is calculated as
Just as in the non-parametric case, we obtain estimates of the parametric measure of credit score performance as � , −1 , ( ) . The numbers show a percentage point increase in the Kaplan-Meier survival probabilities (for the first two years after origination) of originations in the higher FICO score group relative to those in the lower FICO score group.
Panel A. The FICO score groups used below are "less than 540", "540-579", "580-619" … "700-739" and "greater than or equal to 740". The numbers show a percentage point increase in the Kaplan-Meier survival probabilities (for the first two years after origination) of originations in the higher FICO score group relative to those in the lower FICO score group.
Panel A. The FICO score groups used below are "less than 540", "540-579", "580-619" … "700-739" and "greater than or equal to 740". Table reports the hazard ratio estimates from a competing risk hazard model with loan default and prepayment as competing risks. In addition to the variables shown here, we control for property type (dummies for single-family residence, condo, townhouse, co-operative, etc), property location (dummies for the state in which the property is located) and loan source (dummies for broker, realtor, wholesale, retail etc.) and number of units in the property and a dummy for mortgages with prepayment penalties. Full Documentation is a dummy variable equal to 1 if the mortgage has full documentation and zero otherwise. Fees and Points are the fees and discount points charged by the lender at settlement on a 30-yr FRM prime mortgage, taken from the Freddie Mac PMMS Survey. Present Value Annualized Ratio (PVAR) measures the ratio of the present value of the payments on mortgage principal outstanding using the existing mortgage rate to that using the current rate available on refinance. Interest Volatility is the standard deviation of the six-month LIBOR for the previous 24 months. House Price Volatility is the standard deviation of house price change in the MSA-level FHFA house price index for the previous 24 months. PosUnempG is a dummy variable equal to one if the MSA records and increase in the unemployment rate over the previous year and zero otherwise. Negative Equity is a dummy variable equal to 1 if the current LTV exceeds 100% and zero otherwise. 1.005*** 1.008*** 1.008*** 1.014*** 1.016*** 1.027*** 1.039*** Full Documentation 0.933*** 0.843*** 0.887*** 0.782*** 0.778*** 0.703*** 0.69*** Fees and Points 1.148*** 1.089*** 1.042*** 1.084*** 1.141*** 1.054*** 0.959*** PVAR 1.002*** 1.002*** 1.024*** 1.044*** 1.092*** 1.124*** 1.059*** Interest Volatility 1.018*** 1.024*** 1.012*** 0.995*** 1.019*** 1.103*** 1.054*** House Price Volatility 0.541*** 0.599*** 0.637*** 0.758*** 0.781*** 0.791*** 0.701*** PosUnempG dummy 1.2*** 1.51*** 1.494*** 1.163*** 1.188*** 1.272*** 1.108*** Negative Equity Dummy 1.289** 1.212*** 1.216*** 1.392*** 1.133*** 1. 1.171*** 1.138*** 1.13*** 1.101*** 1.046*** 1.055*** 1.067*** FICO: 580-619 1.278*** 1.19*** 1.214*** 1.173*** 1.093*** 1.078*** 1.071*** FICO: 620-659 1.366*** 1.266*** 1.321*** 1.282*** 1.166*** 1.149*** 1.082*** FICO: 660-699 1.396*** 1.337*** 1.452*** 1.392*** 1.212*** 1.26*** 1.226*** FICO: 700-739 1.376*** 1.435*** 1.568*** 1.479*** 1.256*** 1.353*** 1.303*** FICO: >=740 1.528*** 1.508*** 1.638*** 1.564*** 1.28*** 1.448*** 1.516*** CLTV 0.996*** 0.999*** 0.999** 1.000** 0.995*** 0.992*** 0.99*** Full Documentation 1.072*** 1.053*** 1.068*** 1.114*** 1.043*** 1.088*** 1.071*** Fees and Points 0.996*** 1.004*** 1.036*** 1.025*** 1.039*** 0.995*** 0.979*** PVAR 1.006*** 1.004*** 0.996*** 0.996*** 1.06*** 1.063*** 1.043*** Interest Volatility 1.014*** 0.99*** 0.985*** 1.009*** 1.004*** 1.019*** 1.02*** House Price Volatility 1.284*** 1.102*** 1.155*** 1.155*** 1.162*** 1.156*** 1.209*** PosUnempG dummy 0.805*** 0.849*** 0.883*** 0.834*** 0.912*** 0.902*** 1.075*** Negative Equity Dummy 0.351*** 0.357*** 0.282*** 0.371*** 0.361*** 0.401*** 0. Table reports the hazard ratio estimates from a competing risk hazard model with loan default and prepayment as competing risks. In addition to the variables shown here, we control for property type (dummies for single-family residence, condo, townhouse, co-operative, etc), property location (dummies for the state in which the property is located) and loan source (dummies for broker, realtor, wholesale, retail etc.) and number of units in the property and a dummy for mortgages with prepayment penalties. Full Documentation is a dummy variable equal to 1 if the mortgage has full documentation and zero otherwise. Fees and Points are the fees and discount points charged by the lender at settlement on a 30-yr FRM prime mortgage, taken from the Freddie Mac PMMS Survey. Present Value Annualized Ratio (PVAR) measures the ratio of the present value of the payments on mortgage principal outstanding using the existing mortgage rate to that using the current rate available on refinance. Interest Volatility is the standard deviation of the six-month LIBOR for the previous 24 months. House Price Volatility is the standard deviation of house price change in the MSA-level FHFA house price index for the previous 24 months. PosUnempG is a dummy variable equal to one if the MSA records and increase in the unemployment rate over the previous year and zero otherwise. Negative Equity is a dummy variable equal to 1 if the current LTV exceeds 100% and zero otherwise. 1.288*** 1.229*** 1.113*** 1.091*** 1.078*** 1.07*** 1.008** FICO: 580-619 1.49*** 1.329*** 1.155*** 1.148*** 1.117*** 1.113*** 1.041** FICO: 620-659 1.621*** 1.374*** 1.196*** 1.181*** 1.156*** 1.185*** 1.089*** FICO: 660-699 1.707*** 1.417*** 1.222*** 1.202*** 1.186*** 1.255*** 1.157*** FICO: 700-739 1.766*** 1.44*** 1.27*** 1.207*** 1.236*** 1.332*** 1.266*** FICO: >=740 1.926*** 1.386*** 1.261*** 1.21*** 1.29*** 1.39*** 1.328*** CLTV 0.994*** 0.995*** 0.998*** 0.999*** 0.997*** 0.993*** 0.993*** Full Documentation 1.056*** 1.046*** 1.026*** 1.016*** 1.032*** 1.082*** 1.041*** Fees and Points 1.044*** 1.028*** 1.011*** 1.025*** 1.049*** 1.002*** 0.974*** PVAR 1.001*** 1.002*** 1.015*** 1.027*** 1.068*** 1.077*** 1.046*** Interest Volatility 1.007*** 1.011*** 1.005*** 0.993*** 1.004*** 1.025*** 1.027*** House Price Volatility 1.001*** 1.053*** 1.07*** 1.113*** 1.161*** 1.144*** 1.144*** PosUnempG dummy 0.985*** 0.938*** 1.073*** 0.954*** 0.902*** 0.92*** 1.14*** Negative Equity Dummy 0.538*** 0.592*** 0.615*** 0.741*** 0.729*** 0.739** The numbers show parametric estimates of percentage point increases in estimated survival probabilities (for the first two years after origination) of originations in the higher FICO score group relative to those in the lower FICO score group. The estimated probabilities are calculated using the corresponding competing risk proportional hazard model shown in Tables 3.1. Panel A. The FICO score groups used below are "less than 540", "540-579", "580-619" … "700-739" and "greater than or equal to 740". The numbers show parametric estimates of percentage point increases in estimated survival probabilities (for the first two years after origination) of originations in the higher FICO score group relative to those in the lower FICO score group. The estimated probabilities are calculated using the corresponding competing risk proportional hazard model shown in Tables 3.2. Panel A. The FICO score groups used below are "less than 540", "540-579", "580-619" … "700-739" and "greater than or equal to 740". The numbers show parametric estimates of percentage point increases in estimated survival probabilities (for the first two years after origination) of originations in the higher FICO score group relative to those in the lower FICO score group. The estimated probabilities are calculated using the corresponding competing risk proportional hazard model shown in Tables 3.3. Panel A. The FICO score groups used below are "less than 540", "540-579", "580-619" … "700-739" and "greater than or equal to 740". (2004-2006, in dotted lines) . The figures show that the probability that a subprime borrower has a lower credit score is significantly higher on originations of earlier cohorts than on originations of later cohorts. Clearly, origination FICO of subprime mortgages improved significantly over time. Using more formal methods below, we verify that the distribution of credit scores on later cohorts first-order stochastically dominates the distribution of credit scores on earlier cohorts (Rothschild and Stiglitz, 1970 ).
Cohort
An important concern here is whether the observed improvement in FICO scores on subprime mortgages was a result of the shift in the underlying distribution of FICO scores for the entire U.S. We confirm that changes in the borrower density for the credit-eligible population for the U.S. cannot explain the full improvement in the credit quality on subprime originations. To show this, we obtain credit scores for the U.S. population from the FRBNY-Equifax Consumer Credit Panel, which comprises a 5 percent random sample of U.S. individuals (aged 19 and over) with credit reports from 1999 to 2009 (Lee and Van der Klaauw, 2010) . 32 In what follows, we use terms such as credit scores for the credit eligible population or consumer population or simply population credit scores to describe these data.
The results are also plotted as gray lines in Figure B .1A. At higher credit scores, the cdf of credit scores on subprime originations is above those for the consumer population. This is expected, since borrowers with higher credit scores are less likely to opt for a subprime mortgage (Pennington-Cross, 2003) . For the lowest credit scores, the cdf on subprime originations in Figure B .1 is below that for the population. Again, there is likely to be a greater proportion of borrowers with lower credit scores in the population than among those with subprime mortgages. 
B.2 A Formal Test of Comparison between Subprime and Population FICO
The hypotheses stated above are best verified in terms of the statistical tests for stochastic dominance developed in Anderson (1996) . Following Anderson (1996) , the hypothesis of firstorder stochastic dominance of distribution (•) over (•) is tested by comparing the two cdfs at various points in the distribution. Let and be the empirical frequency vectors based on samples of size and , drawn respectively from the populations and . The Anderson test of stochastic dominance is based on a comparison of the cumulative distributions and at the deciles of the pooled sample. Anderson also shows that under the null of common population distribution (no dominance), and the assumption of independence of the two samples,
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Strictly speaking, the credit scores obtained from this longitudinal panel are derived from the methodology used by Equifax to mimic the proprietary algorithm used by Fair Isaac Corporation. Therefore, while they are a close match, the credit scores for each individual may not be identical under the two algorithms. = − is asymptotically normally distributed with mean zero. The hypothesis of first-order dominance (•) over (•) requires that no element of be significantly greater than zero, while at least one element be significantly less. Under the null of common population distribution (no dominance), and the assumption of independence of the two samples, = ⁄ − ⁄ is asymptotically normally distributed with mean zero. The hypothesis of first-order dominance of (•) over (•) requires that no element of be significantly greater than zero while at least one element is significantly less. The numbers in parentheses below report the 95% confidence interval. [2000] [2001] [2002] cohorts. The numbers in the second column show, for each decile of credit scores, the difference in the cumulative probabilities across the distributions (cohorts) for subprime originations. We also report the 95% confidence intervals for the differences in parentheses below. The third column reports t-statistics for the test of significance. The same results for the population are then presented in the fourth and fifth columns.
For both subprime originations and the general population, the distribution of credit scores on later cohorts is seen to stochastically dominate those on earlier cohorts. However, at all deciles (save the last, with highest credit scores) the difference in probabilities for the subprime originations are significantly greater than that for the population. For example, the probability of having a FICO score greater than 600 (the fourth decile) is 11.63 percent higher for later cohorts in subprime originations, but it is only 0.46 percent higher in the general population.
Panel B of Table B .1 presents the results of the Anderson (1996) test for first-order stochastic dominance of the credit score distribution of the 2006 cohort over that of the 2000 cohort. For the credit score distribution on subprime originations, the null of no dominance is rejected in favor of the alternative of first-order stochastic dominance. However, we fail to establish first-order stochastic dominance for the same years in the population credit distributions. In particular, one finds that for the fifth decile, the difference is significantly greater than zero.
In summary, our results indicate that the distribution of credit scores on later cohorts is seen to stochastically dominate those on earlier cohorts. For credit score distributions on subprime originations, this difference is both economically and statistically significant. However, the improvement in credit scores for the population is at best marginal and not always significantly different across the different cohorts.
B.3 FICO scores and Other Origination Attributes
The previous section showed that while origination FICO on subprime mortgages improved over the cohorts, this improvement cannot be attributed to patterns to changes in the population FICO. In this sense, the improvement in origination FICO was a pattern unique to subprime mortgages only. But what of other (non-FICO score) attributes on the origination? As has been well documented in this literature, there was an increase in the proportion of originations with higher LTV and originations lacking full documentation over the cohorts in the subprime segment (Mayer et al. 2009 ).
Here, we present evidence showing that this deterioration in other origination attributes was accompanied by increases in FICO scores on the origination. Stated differently, an origination with a riskier attribute (such as lower documentation and higher LTV) is more likely to have a higher FICO score in the 2004-2006 cohorts than in the 2000-2002 cohorts. Stated differently, the tradeoff or adjustment between riskier attributes on the origination and higher credit scores on the same origination grew stronger over time.
Panel A of Table B .2 reports the percentages of loans with and without full documentation under various FICO score groups. Panel B shows the percentage of loans under various FICO score groups for different intervals of LTV. Among the FICO score groups in Table B .2 (both panels), there is a decline in the percentage of borrowers in the lowest FICO group (<620) over the cohorts with an increase in the percentage of borrowers in the next two categories, namely, 620-659 and 660-719. The percentage of borrowers in the highest category ( 720) remains roughly the same for all cohorts. Moreover, the overall trends for FICO scores in relation to documentation (Panel A) are similar to those in relation to LTV (Panel B) . These results also suggest an overall increase in credit score on both high-risk and low-risk originations.
Table B.2: Distribution of FICO vis-à-vis Other Origination Attributes
Borrower credit score at the time of loan origination is denoted by FICO (an industry standard developed by the Fair Isaac Corporation) with a number in the range 300-850. Loans coded by the source as with a non-blank documentation code are classified as Full-doc whereas all other originations are classified as Low doc. CLTV denotes the combined loan-to-value ratio on the origination. Keys et al. (2010, p. 316 , emphasis added) note that, "FICO scores provide a ranking of potential borrowers by the probability of having some negative credit event in the next two years." In the realm of practitioners, this feature of credit scoring is common knowledge: In their public release statements, Transunion, the third largest credit bureau in the U.S., claim that:
Credit scores are not an absolute statement of risk for an individual consumer, rather they state a consumers' risk in relation to other consumers.
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Second, the difficulty with analyzing absolute measures of default is largely due to the fact that we are analyzing default rates in two different regimes under which the different loans perform. As noted in the paper, the early period in the subprime market is characterized by a low default regime (shown here as the bold line in Fig C. 1) whereas the later period is characterized by high default regime (broken line). A key feature of the data is that the upward shift of the line is greater for low FICO borrowers than high FICO borrowers leading to a rotation of the default pattern from the early cohorts of subprime originations (regime 1) to the later cohorts (regime 2). This change in the default pattern across regimes can be explained in several ways. 34 Our explanation characterizes the regimes as periods with different house price growth (HPG). We borrow results from Table 11 in Bhardwaj and Sengupta (2012) . The median house price growth for mortgages in our sample is roughly 8%. We split the HPG variable into three dummies: one each for HPG that is greater than the median of 8%, HPG greater than 1 but less than or equal to 8% and HPG less than or equal to 1%. The results show the default hazard ratios from a competing risk hazard framework that includes FICO scores by quartiles and HPG as covariates.
That HPG has been the prime mover of defaults on subprime mortgages across cohorts has been well documented in the subprime literature. However, what these results show is that the interaction between HPG and FICO scores demonstrates remarkable non-linearity. Within each HPG group (movement along the curve), a lower FICO quartile origination shows a higher default hazard. However, across HPG groups (shit of the curve) the impact of house price declines on default is significantly severe on originations with low FICO scores.
Plotting the default rates on ARM2 loans in Table 11 below, we can create a plot ( Figure  C. 2) similar to the one above ( Figure C.1) , where each cohort is characterized by a different house price regime. The pattern is similar for all subprime mortgage products: fixed rate, ARM with teaser rates for two years (ARM2) and three years (ARM3) respectively. Clearly, the absolute changes in default rates in our story can be explained in largely terms of differences in house price regimes-establishing the point that resorting to absolute measures of default to judge FICO performance suffers from severe identification problems. 
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